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1. Introduction 

 

1.1 The Impact of Artificial Intelligence 

on Sustainable Engineering  

Artificial Intelligence (AI) is the mimicry 

of human intelligence by machines, which 

allows them to undertake activities like 

learning, problem-solving, and decision-

making on their own (Russell & Norvig, 

2021). AI has been increasingly adopted in 

different branches of engineering to boost 

efficiency, accuracy, and sustainability in 

industrial processes (Li et al., 2017). In 

sustainable engineering, AI models play a 

significant role in optimizing energy, 

environmental monitoring, reduction of 

waste, and predictive modeling, and as 

such, form the basis of creating smart and 

sustainable solutions (Wang & Srinivasan, 

2016). 

 

1.2 The Critical Role of Sustainability in 

Engineering Practices:  

Engineering sustainability deals with 

designing and implementing solutions with 

reduced environmental impact and 

economic and social feasibility (Yigitcanlar 

et al., 2021). The accelerated use and 

depletion of natural resources and growing 

environmental issues like climate change 

and pollution call for the incorporation of 

intelligent systems with a focus on resource 

efficiency and environmentally friendly 

measures (Bhagat et al., 2019). Artificial 

intelligence-based solutions are critical to 

the success of these objectives through the 

ability to automate energy management, 

effective water treatment, and decision-

making based on data in green building 

(Debrah et al., 2022). 
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1.3 Scope of the Review and Research 

Questions :  

This review aims to provide a 

comprehensive analysis of AI applications in 

sustainable engineering by examining 

existing literature, identifying key 

advancements, and highlighting future 

research directions. The study is structured 

around the following research questions: 

1. How is AI being used for in current 

sustainable engineering applications? 

2. What are the significant developments 

and issues in AI-powered sustainability 

initiatives? 

3. How can future studies improve the use of 

AI in sustainable engineering? 

Table 1: Comparison of AI Techniques Used in Sustainable Engineering 

AI Technique Application in 

Sustainable 

Engineering 

Advantages Challenges Reference 

Machine 

Learning (ML) 

Predictive maintenance 

in smart grids, waste 

reduction 

Adaptive 

learning, 

efficiency 

Requires large 

datasets 

Wang & 

Srinivasan, 

2016 

Deep Learning 

(DL) 

Smart manufacturing, 

energy optimization 

High accuracy, 

automation 

Computationally 

intensive 

Wang et al., 

2018 

Neural Networks 

(NNs) 

Building energy use 

prediction, water 

treatment modeling 

Pattern 

recognition, 

scalability 

Requires significant 

training data 

Bhagat et al., 

2019 

Fuzzy Logic Environmental 

monitoring, AI-driven 

governance 

Handles 

uncertainty well 

Limited scalability Nishant et al., 

2020 

Reinforcement 

Learning 

Smart logistics, 

autonomous energy 

management 

Continuous 

improvement 

Implementation 

complexity 

Woschank et 

al., 2020 
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2. AI Applications in Sustainable Engineering 

2.1 AI in Sustainable Energy Systems 

2.1.1 Renewable Energy Optimization 

(Solar, Wind, Hydro) 

AI-driven models enhance the efficiency and 

reliability of renewable energy sources by 

predicting power generation from solar, 

wind, and hydroelectric plants. Machine 

learning algorithms analyze historical 

weather data, cloud cover, wind speeds, 

and water flow to optimize energy output. 

These models improve the forecasting of 

solar radiation and wind power 

fluctuations, reducing dependency on fossil 

fuels and improving grid stability (Li et al., 

2017). For example, predictive analytics 

using artificial intelligence in wind farms 

optimizes turbine performance by varying 

blade angles according to current wind 

conditions, thus enhancing efficiency in 

energy generation (Wang et al., 2018). In 

hydropower, AI-driven water flow models 

forecast river discharges and optimize dam 

operations to meet power generation and 

ecological sustainability requirements 

(Singh, 2018). 

2.1.2 Smart Grids and Energy Efficiency 

Smart grids employ AI-based demand 

response systems to balance electricity 

supply and demand in real time, enhancing 

grid efficiency. AI algorithms forecast 

energy consumption behaviors and 

dynamically reallocate power supply, 

reducing energy wastage and the risk of 

blackouts (Dwivedi et al., 2023). Artificial 

intelligence-powered self-healing grids are 

able to identify power outages and reroute 

electricity supply automatically to avoid 

large-scale blackouts. AI also maximizes 

battery storage systems by ensuring excess 

renewable energy is stored optimally and 

released when demand is high (VoPham et 

al., 2018). 
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Table 2: AI Applications in Various Sustainable Engineering Domains 

Domain AI Application Benefits Challenges 

Renewable Energy Forecasting solar/wind output(Li 

et al., 2017) 

Improved grid 

stability 

High computational 

cost 

Smart Grids AI-driven demand 

response(Dwivedi et al., 2023) 

Reduced energy 

wastage 

Cybersecurity risks 

Water Treatment AI-based contamination detection 

(Li et al., 2017). 

 

Efficient purification Data accuracy 

concerns 

Green 

Manufacturing 

AI-driven process automation (Li 

et al., 2017). 

 

Reduced waste and 

emissions 

Initial investment 

costs 

Smart Cities AI for traffic optimization(Singh, 

2018). 

 

Lower congestion 

and emissions 

Data privacy issues 

Climate Change 

Mitigation 

AI-driven environmental 

monitoring(Singh, 2018). 

Accurate prediction 

models 

High data processing 

demand 

 

2.2 AI for Green Manufacturing and Industry 4.0 

2.2.1 Process Optimization and Waste 

Reduction 

AI plays a significant role in minimizing 

waste and maximizing resource efficiency 

in manufacturing by optimizing material 

usage, energy consumption, and production 

processes. Predictive analytics reduce 

material overuse, while AI-powered robotic 

automation enhances precision in 

production lines, reducing defect rates 

(Mariani et al., 2023). For example, AI in 
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smart factories continuously analyzes 

sensor data to identify inefficiencies and 

optimize machine performance, reducing 

energy waste and lowering operational costs 

(Phuyal et al., 2020). 

2.2.2 Enhancing Efficiency with 

Predictive Maintenance and Smart 

Automation 

AI-driven predictive maintenance systems 

operate with the utilization of real-time 

sensor readings in order to anticipate 

possible equipment malfunction prior to 

happening, lessening downtime and upkeep 

expenses (Qu et al., 2019). Machine learning 

algorithms work using past performance 

history in order to forecast faults and enable 

producers to plan upkeep beforehand, 

prolong equipment life, and enhance 

sustainability (Wang et al., 2020). 

2.3 AI in Sustainable Urban Planning and 

Smart Cities 

2.3.1 Traffic Optimization and Intelligent 

Transportation 

AI-based intelligent traffic management 

systems scan real-time traffic patterns, 

accident records, and weather situations to 

optimize the timing of signals, lowering 

congestion and emissions (Kirimtat et al., 

2020). AI-assisted autonomous transport and 

intelligent guidance systems improve the 

efficiency of mobility, lowering fuel use and 

air pollution in urban areas                    

(Dwivedi et al., 2023). For example, AI-

enabled traffic lights in Los Angeles use 

machine learning algorithms to adapt to 

changing traffic patterns, cutting travel times 

and lowering vehicle emissions (Wang et al., 

2020). 

2.3.2 Energy-Efficient Building Design 

and Smart Infrastructure                          

Artificial intelligence (AI)-based building 

management systems (BMS) maximize 

heating, ventilation, and air conditioning 

(HVAC) utilization through the monitoring 

of occupancy rates, temperature fluctuations, 

and energy usage patterns (Li et al., 2017). 

AI-based systems minimize carbon 

emissions by dynamically adapting energy 

consumption, minimizing wastage while 

keeping comfort levels optimal (VoPham et 

al., 2018). 
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2.4 AI for Environmental Monitoring and 

Climate Change Mitigation 

 

2.4.1AI-Driven Climate Modeling and 

Prediction 

AI is vital in the forecasting of climate 

change effects by interpreting global 

weather trends, greenhouse gas 

concentrations, and past climate patterns 

(Singh, 2018). Deep learning algorithms 

predict natural disasters like hurricanes, 

droughts, and floods, allowing policymakers 

to apply proactive measures for mitigation 

(Sarker, 2021). For example, NASA uses 

AI-powered climate models to predict rising 

sea levels and temperature fluctuations, 

enabling governments to design effective 

environmental policies (Dwivedi et al., 

2023). 

2.4.2Air and Water Quality Monitoring 

AI-powered satellite imagery analysis and 

IoT-based air sensors monitor pollution 

levels in real time, helping cities develop 

data-driven policies for cleaner 

environments (Mariani et al., 2023). AI also 

enhances wastewater treatment by 

optimizing filtration systems, ensuring 

minimal contamination in freshwater 

sources (Wang et al., 2020). 

2.5 AI in Sustainable Agriculture and 

Water Management 

 

2.5.1Precision Farming and Resource 

Optimization 

Precision agriculture promoted by AI 

provides optimal use of fertilizers, irrigation 

timing, and crop cycling to achieve full yield 

with limited environmental footprint 

(Kirimtat et al., 2020). AI-sourced drones 

review soil health and identify plant 

pathologies at initial stages, forestalling 

extensive failure of crops (VoPham et al., 

2018). 

2.5.2 Smart Irrigation and Water 

Conservation 

AI enables real-time monitoring of soil 

moisture levels and automates irrigation 

systems, reducing water waste and 

improving agricultural sustainability 

(Mariani et al., 2023). AI-driven water 

distribution models ensure efficient 

allocation of freshwater resources, 

preventing overuse and maintaining 

ecological balance (Dwivedi et al., 2023). 

For example, AI-based smart irrigation 

systems in India use weather forecasting 

models to optimize water usage, improving 

crop yields while reducing water 

consumption (Wang et al., 2020). 
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3. Current Challenges and Limitations 

AI sustainable engineering has a number of 

challenges that prevent it from being 

generally applied and useful. These 

challenges need to be overcome for AI to 

achieve its full capacity in sustainability use. 

3.1 Data Availability and Quality Issues 

One of the primary barriers to AI adoption 

in sustainable engineering is limited access 

to high-quality, real-time data. AI models 

rely on extensive datasets for training, but 

sustainability-related data is often 

incomplete, outdated, or inaccessible due to 

proprietary restrictions (Dwivedi et al., 

2023). This limits the ability of AI systems 

to generate accurate predictions and develop 

adaptive responses to environmental 

changes. Furthermore, inconsistent data 

formats and collection methods across 

different sectors pose integration challenges. 

Many developing regions lack proper digital 

infrastructure to support large-scale AI-

driven sustainability initiatives (Kirimtat et 

al., 2020). Without standardized datasets and 

real-time monitoring, AI models may 

reinforce biased or inaccurate outcomes 

(VoPham et al., 2018). 

3.2 Ethical and Social Concerns 

AI-powered sustainability solutions must 

address ethical concerns related to 

transparency, fairness, and accountability. 

AI models, particularly those used in smart 

cities, resource allocation, and energy 

distribution, may unintentionally reinforce 

biases if trained on historically 

unrepresentative datasets (Sarker, 2021). 

Moreover, automated decision-making in 

AI-driven sustainability projects can create 

governance concerns. AI models used in 

waste management, water distribution, and 

land use planning may overlook local socio-

economic conditions, leading to inequitable 

outcomes (Mariani et al., 2023). Ethical AI 

frameworks should be developed to support 

equitable and equitable AI decision-making 

processes (Wang et al., 2020). 

3.3 Computational Costs and Scalability 

AI models, specifically deep learning and 

reinforcement learning algorithms, 

necessitate high computational power and 

hence contribute high energy consumption 

and carbon footprints. This creates a paradox 

where AI, intended to drive sustainability, 

contributes to environmental degradation 

through excessive energy use (Phuyal et al., 

2020). For example, training one deep 
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learning model can produce as much carbon 

emissions as five cars throughout their 

lifetimes (Dwivedi et al., 2023). Developing 

energy-efficient AI algorithms and 

leveraging green computing technologies is 

crucial to mitigate this impact (VoPham et 

al., 2018).                   Additionally, many AI 

solutions lack scalability, especially in 

regions with limited technological 

infrastructure. Cloud-based AI applications 

offer potential solutions, but they require 

robust internet connectivity and high 

processing capabilities, which may not be 

available in resource-limited settings 

(Kirimtat et al., 2020). 

3.4 Lack of Standardization in AI for 

Sustainability 

One of the major challenges in the 

deployment of AI in sustainable engineering 

is the lack of a standard framework. 

Currently, there are no universal protocols or 

guidelines governing AI applications in 

areas such as renewable energy 

optimization, smart grids, and environmental 

monitoring (Sarker, 2021). This lack of 

standardization creates compatibility issues 

across AI-driven sustainability projects, 

leading to fragmented data ecosystems that 

hinder seamless integration (Wang et al., 

2020). Furthermore, regulatory uncertainties 

regarding AI’s role in environmental 

governance pose barriers to large-scale 

adoption (Mariani et al., 2023). Developing 

a global regulatory framework can facilitate 

ethical and transparent AI applications in 

sustainability  

4. Future Directions and Research 

Opportunities 

 

4.1 Advancements in AI Models for 

Sustainability 

To maximize AI’s effectiveness in 

sustainable engineering, future research 

should focus on developing energy-efficient, 

lower computational AI models with high 

accuracy (Sarker, 2021). Quantized deep 

learning and federated learning are just a 

few of the AI algorithms that are evolving as 

promising alternatives to reduce the energy 

consumed in training the model with strong 

performance (Mariani et al., 2023). 

Furthermore, self-learning AI models that 

can continuously adapt to real-time 

environmental changes will improve long-

term sustainability solutions. These models 

can enhance climate resilience, optimize 

renewable energy management, and improve 
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predictive maintenance in green industries 

(Wang et al., 2020). 

4.2 Integration of AI with IoT, 

Blockchain, and Digital Twins 

The Internet of Things (IoT), blockchain, 

and digital twins are emerging technologies 

that, when integrated with AI, can 

significantly improve sustainability 

initiatives (Dwivedi et al., 2023). AI-driven 

IoT sensors enable real-time monitoring of 

environmental data, optimizing resource 

management in smart cities, water 

conservation, and energy grids (VoPham et 

al., 2018). Blockchain technology enhances 

data security and transparency, ensuring 

trustworthy and immutable records in AI-

driven sustainability projects. For example, 

blockchain can track carbon emissions and 

renewable energy production, ensuring 

compliance with global environmental 

policies (Phuyal et al., 2020). Digital twin 

technology, which creates virtual models of 

real-world systems, allows AI to simulate 

and test sustainable infrastructure solutions 

before implementation. This can optimize 

urban planning, industrial production, and 

environmental conservation efforts (Kirimtat 

et al., 2020). 

4.3 Policy and Regulatory Frameworks 

for Responsible AI Use 

With increasing adoption of AI in 

sustainability, policies and ethical 

frameworks need to be well defined to 

govern the use of AI in energy, climate 

observation, and resource management 

(Sarker, 2021). Governments and 

international organizations must ensure fair, 

unbiased, and transparent AI-driven 

decision-making in sustainability projects 

(Wang et al., 2020). Future policies should 

focus on data governance, AI accountability, 

and equitable access to AI-driven solutions, 

particularly in developing countries where 

technological infrastructure is still evolving 

(Dwivedi et al., 2023). Moreover, 

establishing a universal ethical AI 

framework will be essential to prevent 

misuse and biases in sustainability 

applications (VoPham et al., 2018). 

4.4 Integrating Scientific Discoveries into 

Everyday Applications 

Despite rapid advancements in AI research 

for sustainability, there remains a disconnect 

between academic research and real-world 

implementation (Mariani et al., 2023). AI 

models developed in laboratories often face 

practical limitations when deployed in large-

scale sustainability projects due to 
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infrastructure constraints, policy barriers, 

and economic feasibility (Kirimtat et al., 

2020). To address this gap, stronger 

collaborations between researchers, 

policymakers, and industries are necessary. 

AI research must focus on practical 

implementation strategies to ensure that 

innovations are scalable, cost-effective, and 

easily deployable in real-world sustainability 

efforts (Wang et al., 2020). 

Table 4: Emerging Trends and Future Research Areas 

Trend Potential Impact 

AI for Net-Zero Emissions AI-driven solutions for carbon neutrality.(Wang et al., 2020). 

Energy-Aware AI Models Lower computational energy consumption.(Kirimtat et al., 2020). 

Decentralized AI Systems Improved security and efficiency through blockchain integration.(Kirimtat 

et al., 2020). 

AI and Climate Resilience Predicting and mitigating climate change effects..(Wang et al., 2020). 

AI-Powered Sustainable 

Cities 

Enhancing urban sustainability with real-time AI monitoring..(Wang et 

al., 2020). 

 

5. Conclusion 

This review emphasizes the pivotal 

contribution of AI in promoting sustainable 

engineering through the optimization of 

energy use, smart infrastructure 

improvement, and reduction of 

environmental footprint. Although AI 

provides revolutionary solutions, issues like 

data quality, computational expense, and 

ethics need to be overcome. Future studies 

should aim at creating energy-efficient AI 

models, incorporating new technologies, 

and formulating regulatory frameworks. 

AI-based sustainable engineering can 

transform resource management, 

environmental conservation, and energy 

efficiency. 
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